ABSTRACT In this paper, device-to-device (D2D)-assisted caching is considered to offload traffic from the capacity-stringent backhaul networks to the proximity of users. First, a three-layer hierarchical content provision model is established, where a requested content can be fetched from the local cache directly, from the cache of a proximal device through D2D communications, or from the serving base station through backhaul transmissions. Then, for a general multi-unit-cache equipped at each device, we propose independent content placement in each cache unit and correlated content placement in each cache unit without repetition, based on which the problem of maximizing the edge cache hit ratio is formulated. Instead of optimizing the caching probability for all contents in the library, we propose a parameter-based caching framework based on a truncated Zipf distribution, where only the position of truncation and the Zipf exponent are involved. For jointly determining the optimal values of the two parameters, a genetic algorithm and a twostep search algorithm are designed. The simulation results demonstrate that the correlated content placement outperforms its independent counterpart, and significant performance gains can be achieved by the proposed parameter-based caching framework in comparison with most existing approaches.
I. INTRODUCTION A. BACKGROUND
With the rapid proliferation of smart wireless devices and ubiquitous access to data-hungry services, the global mobile data traffic is experiencing an unprecedented increase. This steep growth in internet traffic is expected to continue at an even higher pace [1] , mainly contributed by the newly emerging videos and related multimedia services [2] . To cope with the high data rate and low latency performance requirements in these content-centric applications, caching at the wireless edge, e.g., base stations (BSs) and user devices [3] - [6] , has been proposed as a key-enabling technique for alleviating the capacity bottleneck of cellular backhaul networks while enhancing the efficiency of content delivery.
Motivated by the fact that today's electronic devices are typically installed with 64GB/128GB memory, it is beneficial and cost-effective to perform caching at the user devices, e.g., smart phones, tablets, vehicles etc., for fast retrieval of previously viewed contents. On the other hand, exploiting multiple communication technologies including LTE, WiFi-Direct, and mmWave [?] , device-to-device (D2D) communications are available between proximal devices, with or without the involvement of BSs [8] - [11] . Thus with D2D-assisted caching, the requested content, upon a cache hit, can be directly provisioned through D2D communications [12] - [14] . This facilitates native support to contentcentric applications so that more traffic can be offloaded from the backhaul networks [15] , [16] to the proximity of end users, which significantly reduces the transmission latency [17] , [18] .
B. RELATED WORKS
Due to the limited storage available at each user device, the problem of which contents should be cached is of critical concern to tap the potential D2D communication opportunities. In order to achieve intelligent cache content placement, the popularity distribution of contents is assumed to be available in advance in most existing works [2] - [6] , [11] - [14] , [17] - [28] . While it has been pointed out that it is generally not optimal to cache just the most popular content for maximizing the cache hit probability, it is suggested that the caching distribution should be skewed towards the most popular content, and at the same time exploit the diversity of contents cached among devices [14] , [17] . For content caching in random wireless networks with spatially distributed devices, a commonly adopted strategy is the probabilistic content placement, where each device caches contents following a certain probability distribution [20] - [23] .
In order to improve the performance of D2D-assisted caching networks, the optimal way to place contents has been studied from different perspectives, by formulating different problems of optimizing the cache hit probability [19] , [20] , the density of successful receptions [21] , the success probability of content delivery [22] , the cache-aided throughput [23] , the throughput-outage tradeoff [24] , and the network average delay. For the spatially distributed devices that request content following a Zipf distribution, the problem of minimizing the average caching failure probability is formulated in [20] , towards which a low-complexity dual-solution searching algorithm is proposed to determine the optimal caching probabilities of individual contents. To exploit the spatial diversity of cached contents, a spatially correlated caching strategy is proposed in [19] to guarantee that the D2D nodes caching the same file are never closer to each other than a predefined exclusion radius, which plays the role of a substitute for caching probability. Randomized caching following a Zipf distribution is considered for D2D networks in the presence of interference and noise in [21] . By employing results from stochastic geometry, an optimization problem is formulated to find the caching distribution that maximizes the density of successful receptions. In [22] , probabilistic content placement is studied to control the cache-based channel selection diversity and network interference in a stochastic wireless caching helper network. By using stochastic geometry, the optimal caching probabilities are derived to maximize the average success probability of content delivery. A probabilistic caching scheme is proposed for D2D networks in [23] for optimizing the cacheaided throughput, which measures the density of successfully served requests by cache-enabled devices, by accounting for the reliability of D2D transmissions. In [25] , a new architecture for D2D caching with inter-cluster cooperation is proposed, where the users cache popular files and share them with other users either in the local cluster via D2D communication or in the remote clusters using cellular transmission. Performance improvements in terms of both the network average delay and throughput per request are demonstrated. Furthermore, in view of the resource scarcity and interference in wireless transmissions, different mechanisms have been proposed in D2D-assisted caching systems for efficient interference control [26] , transmission scheduling and resource management [27] , [28] .
Apart from the information-theoretic aspects, the social relationship between users has also been taken into account for improving the performance of D2D-assisted caching systems [29] , [30] . In [29] , in view of the inherent social characteristics that play important roles in the interaction among mobile users, the challenges and possible solutions are discussed for social-aware mobile device caching. In view of the additional energy and storage consumption in caching and provisioning content, a social-aware caching game is proposed to incentivize the selfish devices to cache contents and participate in D2D communications in [30] .
C. OUR CONTRIBUTIONS
Motivated by the aforementioned studies, in this paper we consider a D2D-assisted caching system with caching performed at the spatially distributed user devices. To achieve efficient traffic offloading, we focus on the cache-hit-ratio and a three-layer hierarchical content search and provision model is first established. In this model, a requested content can be self-served or served by proximal devices through D2D transmissions upon a cache hit, or served by the BS through backhaul transmissions upon a cache miss at the network edge. The main contributions of this paper are summarized as follows:
• We consider a general multi-unit-cache equipped at each device. By contrast to most existing works where a single-unit-cache is considered at each device [11] , [12] , [21] , [31] , multiple contents can be stored at each device in the considered D2D-assisted caching system. Although there are several works also considering multiunit-cache, see [19] , [25] , how to place contents in different cache units of a device is not straightforward. As such, we propose two fine-grained cache content placement schemes, namely: the independent content placement in each cache unit and the correlated content placement in each cache unit without repetition.
• Based on an arbitrary caching probability distribution, a general problem of maximizing the edge cache-hitratio is formulated, in which a special case of selfoffloading [11] , [12] , which is usually overlooked in the literature [19] , [31] - [33] , is considered for fetching the requested content from the local cache of the requesting device. To solve this optimization problem, we propose a new parameter-based caching framework based on a truncated Zipf distribution. By contrast to most existing works where the caching probability has to be optimized for each content in the library [20] - [23] , in the proposed framework only two parameters of the position of truncation and the Zipf exponent need to be optimized.
• To jointly determine the optimal values of the position of truncation and the Zipf exponent, an asymptotically optimal genetic algorithm (GA) [34] , [35] and a simple suboptimal two-step search (TSS) algorithm are designed, respectively. Simulation results demonstrate that the proposed correlated cache content placement, without placing duplicated contents in different cache units of a device, outperforms its independent counterpart. Furthermore, a very close performance can be achieved by the proposed parameterbased caching framework in comparison to the solution where the caching probabilities of all contents are jointly optimized [20] . The remainder of this paper is organized as follows. Section II describes the D2D-assisted caching system model. Then based on multi-unit-cache, two content placement schemes are proposed and the problem of maximizing the edge cache-hit-ratio is formulated in Section III. A parameterbased caching framework based on a truncated Zipf distribution is proposed in Section IV, where two algorithms are designed for searching the optimal parameters. Simulation results are presented in Section V. Finally, Section VI concludes this paper. 
II. SYSTEM MODEL
As illustrated in Fig. 1 , we consider a D2D-assisted caching system where the locations of user devices are modeled by a homogeneous Poisson point process (PPP) with density λ [20] - [23] . Assuming that the BS provides a common communication channel for control message exchange for content search and D2D pairing [36] , D2D communications can be potentially initiated when a proximal device is within a fixed radius d of the requesting device. It is assumed that each device is equipped with a finite storage for caching contents. Then upon a cache hit at the D2D device, the backhaul traffic can be effectively offloaded to the proximity of user devices. To focus on the content placement phase for D2D-assisted caching system, D2D overlaid cellular network is considered where there is no cross-tier interference between D2D and cellular communications [20] , [23] , and the path loss, fading or interference in the transmission phase are omitted [19] , [20] .
A. REQUEST GENERATION MODEL
For ease of exposition, we define a library M consisting of M distinct content files, from which the distributed devices make requests. As adopted in most existing works [20] - [23] , it is assumed that the requests of contents follow a Zipf distribution. The more frequently a content is requested, the more popular this content is. Arranging the contents in the library in a popularity-descending order, the popularity of the m-th ranked content can thus be expressed as
which characterizes the frequency that the m-th ranked content is requested by devices. In other words, for an arbitrary request generated, P r (m) denotes the probability that the request is for the m-th ranked content. Here 0 < α < 1 denotes the Zipf exponent that describes the skewness in the request pattern. To be specific, a higher α means that the content requests are more concentrated on the high ranked contents.
To maintain cache consistency, the popularity distribution of the content files (1) is assumed to be relatively time-nonvarying within a certain duration [4] - [6] , [11] - [14] , [20] - [23] . This assumption is valid in examples including popular news containing short videos that are updated every 2-3 hours, new movies that are posted every week, new music videos that are posted every month. Then the popularity distribution of contents can be learnt periodically or whenever necessary and known to the system by using learning techniques or big data analytics [37] , [38] .
B. CONTENT SEARCH AND PROVISION MODEL
We define cache hit as the event that the content requested by a user happens to be found in the local cache or in the cache of a proximal device within the effective D2D communication range. As illustrated in Fig. 1 , depending on at which place the requested content is hit, a three-layer hierarchical content search and provision model is established, as detailed in the following:
1) Once a request is generated, the requesting device first searches whether the requested content is stored in its local cache. Upon a local cache hit, the requesting device can be self-served by directly fetching content from its cache. 2) Otherwise if the search in the local cache fails, the requesting device enquires if the requested content is cached by proximal devices within the effective D2D range. Upon a cache hit in a proximal device, the content is fetched through D2D communications directly. If there are multiple D2D devices having the requested content, the content is delivered from the nearest one [23] . We define a probability P s indicating the willingness of a D2D device to share cached content with the requesting device [29] , which is irrelevant to the cached contents and depends on factors such as battery status, social relationship, and security.
3) Upon a cache miss that the requested content fails to be found throughout the proximal D2D devices, the BS directs the request up to the cloud to fetch the corresponding content from the remote content provider, which requires backhaul transmissions and incurs additional latency. For ease of reference, a list of abbreviations and symbols that appear in this paper is presented in Table 1 . 
III. CACHE CONTENT PLACEMENT WITH MULTI-UNIT-CACHE
To focus on D2D-assisted caching designs, it is assumed that the content files are of the same unit size [4] - [6] , [20] - [23] and each device, equipped with a cache consisting of S cache units where S ≥ 1, is able to store a content in each cache unit [20] , [23] .
For ease of exposition, given a cache unit, we define P c (m) as the probability of caching the m-th ranked content, where 0 ≤ P c (m) ≤ 1 and M m=1 P c (m) = 1. Then, for a device equipped with single-unit-cache where only a single content can be stored [11] , [12] , [21] , [31] , i.e., S = 1, P c (m) denotes the local cache-hit-ratio upon a request for the m-th ranked content. In other words, conditioned on a request for the m-th ranked content, the probability of finding the m-th ranked content in the cache of the requesting device locally is given by
However, for a device equipped with multi-unit-cache where multiple contents can be stored, i.e., S > 1, the corresponding local cache-hit-ratio upon a request for the m-th ranked content is not straightforward. To provide insights on the caching operation within each cache unit, next we propose independent content placement in each cache unit and correlated content placement in each cache unit without repetition.
A. INDEPENDENT CONTENT PLACEMENT IN EACH CACHE UNIT
For independent content placement, the decision on what content should be stored in each cache unit is made independently from one another. Then upon a request for the mth ranked content, the local cache-hit-ratio at the requesting device under independent content placement in each cache unit is expressed as
which denotes the probability that there is at least one copy of the m-th ranked content stored in the S cache units of the requesting device. Based on Bernoulli's inequality,
B. CORRELATED CONTENT PLACEMENT IN EACH CACHE UNIT WITHOUT REPETITION
It is apparent that for independent cache content placement, there exists a non-zero probability of storing multiple copies of the same content in the cache of a device. To avoid this storage waste, next we propose a correlated content placement where distinct content is stored in each of the S cache units without repetition. To be specific, once a content is stored in a cache unit of a device for the first time, this content will be excluded from being cached in the rest of the cache units.
For ease of exposition, we define I s as the index of the stored content in the s-th cache unit where
Following an increasing order of s to store content in each cache unit, the probability that the m-th ranked content is exclusively stored in the s-th cache unit, where s ∈ {1, · · · , S}, is expressed as
. . .
From (5b)-(5d), for the already cached contents up to the (s − 1)-th cache unit, where s ∈ {2, · · · , S}, they will be excluded from the library M and only the remaining contents are qualified to be cached in the s-th cache unit, following a truncated distribution of
Then upon a request for the m-th ranked content, the local cache-hit-ratio at the requesting device under the correlated content placement in each cache unit is expressed as
for which we have from (5a)-
Pr{I s = m}
Pr{I s = m} = S.
C. EDGE CACHE-HIT-RATIO AND PROBLEM FORMULATION
As one of the key performance metrics of cache-enabled systems, next we theoretically analyze the edge cachehit-ratio [3] - [5] achieved by the considered D2D-assisted caching system. Generally, a higher edge cache-hit-ratio translates into more traffic offloaded, which effectively alleviates the capacity bottleneck of backhaul networks while reducing the network energy consumption [32] , [39] and transmission latency experienced by users [2] , [4] , [11] , [17] , [18] , [25] . However, the quantitative modeling of the network energy consumption or transmission latency is non-trivial, which requires more involved parameter and definitions and is beyond the scope of this paper. Based on the three-layer hierarchical model established in Section II, for an arbitrary request that is generated following the Zipf distribution (1), the average local cache-hit-ratio that the requested content is found in the local cache can be expressed as
If however the search in the local cache fails, the requesting device enquires if the desired content is cached by proximal devices in its effective D2D range. Since λ denotes the density of devices, as a result of independent thinning, the distribution of the devices that happen to cache the m-th ranked content and at the same time willing to share it with other devices follows a homogeneous PPP with density λ = λP s H L (m). Thus the probability that the requesting device can be potentially served by n D2D devices is expressed as
Thus for an arbitrary request that is generated following the Zipf distribution (1), the average cache-hit-ratio at a proximal D2D device can be expressed as
We define H edge = H local + H device as the cache-hit-ratio at the network edge. Together with (8) and (10), H edge can be expressed as
If however the requested content fails to be found throughout the network edge, which occurs with a probability
then the BS directs the request up to the cloud to fetch the corresponding content. This relies on backhaul transmissions that will incur additional overhead, e.g., energy and latency. Based on the above analysis, to achieve efficient caching at the distributed devices while exploiting the potential D2D opportunities as much as possible, the problem of maximizing the cache-hit-ratio at the network edge can be expressed as (13) From (11), since the second order derivative of H edge with respect to H L (m) is strictly negative, the problem in (13) corresponds to a non-linear convex optimization problem [20] , which can be solved by conventional iterative approaches, e.g., the subgradient method [40] . Thus the solution to (13) corresponds to a joint optimization of all caching probabilities P c (m), m ∈ {1, · · · , M } [20]- [23] , for which the resultant optimal H edge will be demonstrated later in Section V.
Remark 1: Since there are usually a very large number of contents in the library, it would be of overwhelming complexity to analytically calculate the optimal caching probability for each and every content in the library, i.e., P c (m) for m ∈ {1, · · · , M }, in practical systems. In addition, for optimizing the M caching probabilities jointly, the solution to (13) corresponds to a non-parametric caching strategy, from VOLUME 7, 2019 which limited insight can be obtained. To shed light on the design of efficient D2D-assisted caching so as to effectively enhance the edge cache-hit-ratio, we propose a parameterbased caching framework based on a truncated Zipf distribution, where only two parameters-the position of truncation and the Zipf exponent, need to be optimized.
IV. PROPOSED CACHING FRAMEWORK ON TRUNCATED ZIPF DISTRIBUTION
Due to limited cache storage, only a small fraction of contents in the library can be accommodated at the user devices. To exclude those hardly requested contents from being cached, we define an integer T , for S ≤ T ≤ M , as the position of truncation. That is, only a set of the T most popular contents in the library are qualified to be cached by edge devices. With this truncation, the caching probability of the m-th ranked content in the library can thus be expressed as
where β ≥ 0 denotes the Zipf exponent that characterizes the skewness pattern in the cached content distribution among edge devices. Remark 2: It is worth pointing out that the advantages of the proposed caching framework are two-fold with a joint design on T and β. One, the contents to be cached can be assigned with different caching priorities, which guarantees the availability of the most popular contents while maintaining a reasonable diversity of the contents cached by the edge devices. Two, unpopular contents that are hardly requested can be excluded from being cached, which results in an efficient utilization of the limited cache storage.
From (14) , it is observed that when T = S = 1, the proposed caching framework corresponds to the most-popular caching (MPC) scheme [20] , [33] that caches the single most popular content at each device, where P c (1) = 1. When T = M , the proposed caching framework corresponds to the random caching (RC) scheme [21] where the Zipf exponent β needs to be optimized. On the other hand, when β = 0, the proposed caching framework boils down to the uniform caching (UC) scheme [20] where the qualified contents are uniformly cached by devices with the same probability.
Furthermore, for UC where β = 0, we have from (3) 
Thus conditioned on a request for an arbitrary content, the correlated content placement always brings a higher local cachehit-ratio than that of the independent content placement.
A. OPTIMIZATION OF EDGE CACHE-HIT-RATIO
Thus for maximizing the edge cache-hit-ratio achieved within the proposed caching framework, substituting (14) into (11), the optimization problem (13) can be transformed into
where H L (m) can be obtained by substituting P c (m) in (14) into (2), (3) and (6) . A close look at (15) indicates that the parameters T and β are intertwined in many terms in H edge , which makes it intractable to analytically obtain the jointly optimal position of truncation T * and Zipf exponent β * . However some useful insights can be drawn. From (15) , for the extreme scenario where either of d and λ approaches infinity, there is an infinite number of devices within the effective D2D communication range, which forms a virtually aggregated cache of infinite space by D2D sharing. In other words, the probability that an arbitrary requested content is hit at the network edge approaches 1, i.e.,
Thus there is no need for truncation, and we have the optimal T * = M and β becomes irrelevant. On the other hand, for the extreme scenario where either of d and λ approaches zero, no D2D sharing of the cached contents is permitted between proximal devices. Thus the considered D2D-assisted caching system degrades to a distributed caching system without cooperation, in which either a requested content is self-served, or it has to be fetched by the BS through backhaul transmissions. Then from (8), the optimization problem in (15) becomes
where H L (m) can be obtained by substituting P c (m) in (14) into (2), (3) and (6) .
Owing to the complex form of H edge where T and β are intertwined, it is intractable to analytically figure out whether the problem in (15) is a convex optimization problem or not. Thus we present an asymptotically optimal genetic algorithm (GA) and a simple suboptimal two-step search (TSS) algorithm respectively for jointly determining the suitable values of T and β.
B. ALGORITHM DESIGNS 1) A GENETIC ALGORITHM (GA)
Inspired by biological evolution, GA is a useful method to solve complex multi-variable non-linear problems to get the globally optimal solution asymptotically [34] , [35] .
For ease of description, we define N as the total number of population. Q j denotes the j-th generation of population, in which Q j (i) denotes the i-th individual that corresponds to a point in the plane of {T , β}. To search the joint optimal {T * , β * } iteratively, T 0 and T e are set as the minimum and the maximum of the position of truncation T , with step size (or precision) T s . On the other hand, β 0 and β e are set as the minimum and the maximum of the Zipf exponent β, with precision β s . To characterize the operations on genes involved in evolution, every individual point on the plane of {T , β} has two forms of expressions, i.e., real number and binary number, where the conversion from real (or binary) number to binary (or real) number is called encoding (or decoding) of genes. N e is the number of chosen elite in each generation. P crossover and P mutation are defined as the probabilities of crossover and mutation, respectively. X denotes the condition for termination, i.e., the iteration terminates when the weighted average relative change in the best fitness function value is less than X . Then the proposed GA is presented in Algorithm 1.
Algorithm 1 Genetic Algorithm (GA)
Require: N , T 0 , T e , β 0 , β e , N e , P crossover , P mutation ,
Step 1: The first generation Q j is initialized 3: while X is not satisfied do 4:
Step 2: Fitness of N individuals from Q j is calculated, based on which elitist strategy is performed.
5:
Step 3: Genetic operations are conducted to breed N offsprings from Q j ; j = j + 1, a new generation of Q j is bred 6: end while 7: Step 4: Termination 8: return {T * , β * } 1) Firstly, N points are randomly selected from the plane of {T , β} to form the first generation Q 1 . 2) Then the fitness function f (i), in terms of the edge cache-hit-ratio H edge as defined in (11), is calculated for each individual
Elitist strategy is performed where N e individuals with the highest fitness in Q 1 are directly selected to be parts of the next generation Q 2 . 3) A series of genetic operations are conducted to breed the rest of the next generation Q 2 . a) Crossover: Setting
as the probability for selecting point Q 1 (i) as a parent, 2(N − N e ) parents are selected from the current population Q 1 by using a roulette wheel selection [34] , [35] ; the selected 2(N − N e ) parents are then divided into (N − N e ) pairs randomly, between which scattered crossover on the genes of parent pairs takes place in turn with a probability of P crossover [34] , [35] , resulting in the rest (N − N e ) offsprings. b) Mutation: With a probability of P mutation , bit-wise mutations take places randomly for each of the N offsprings.
4) The generation Q j keeps evolving iteratively, until the termination condition X is satisfied. Then the optimal {T * , β * } is returned. 
2) A TWO-STEP SEARCH (TSS) ALGORITHM
Although asymptotically optimal solutions {T * , β * } can be reached by GA, it comes at a relatively high complexity depending on what values are adopted for the multiple parameters as listed in Table 2 . This makes it intractable to analytically characterize the complexity of GA. For fast convergence of the algorithm, we also propose a simple two-step search (TSS) algorithm. By letting β = α, TSS firstly searches the optimal position of truncation within [T 0 , T e ] with precision T s , referred to as T . Then with the obtained T , TSS proceeds to search the optimal Zipf exponent β within [β 0 , β e ] with precision β s . The obtained {T , β } thus constitutes a sub-optimal solution to the problem of (15) .
For characterizing the complexity of the two algorithms above, we define N 1 = T e −T 0 T s and N 2 = β e −β 0 β s as the searching space for T and β, respectively. Thus the corresponding complexity of the TSS algorithm can be readily obtained as O (N 1 + N 2 ) . On the other hand, for the GA, although the corresponding complexity is related to the iteration number and population size, the exact expression of complexity is theoretically intractable as it depends on the specific values of parameters adopted [35] , as listed in Table 2 .
V. SIMULATION RESULTS
In this section, we present simulation results to demonstrate the edge cache-hit-ratio H edge of the considered D2D-assisted caching system under different caching strategies. Although in reality the library size M is usually very large that contains a gigantic number of contents, here we take M = 50 content files in the library for ease of illustration. Similar choices can also be found, e.g., in [22] and [23] . Unless otherwise specified, we let the Zipf exponent of the content popularity distribution α = 0.7, the density of the spatially distributed user devices λ = 0.02 π per square meter, the effective D2D range of radius d = 15m, and the willingness probability P s = 0.8. For ease of reference, the parameters involved in the GA and TSS algorithms and the values adopted are listed in Table 2 . In Fig. 2-Fig. 4 , we demonstrate the obtained {T , β} under GA and TSS when S = 1, where the impact of different system parameters is illustrated. Overall, it is observed that the obtained {T , β} under GA and TSS follow the same trend, although there exists a gap between them. Fig. 2 demonstrates {T , β} with respect to varying values of α. It is observed that with an increase of α, the obtained β and T behave in an opposite manner in general. This is reasonable as a greater α means that the requests are more concentrated on the highranked contents, thus a smaller set of T contents should be truncated with a higher β to adapt to the skewness in the request pattern. On the other hand, it is worth noting that although β exhibits an overall upward trend with an increase in α, it is not the case at the instants when T is decreased by a unit value. This is reasonable as each time T is decreased by a unit value, with α being unchanged, the diversity of the cached contents needs to be maintained by a more evenly distribution of the cached contents among edge devices, i.e., a smaller β. Fig. 3 demonstrates {T , β} with respect to varying values of d. Similarly, it is observed that T and β behave oppositely with an increase of d. This is because with increasing d, a larger virtual cache can be formed and shared by the proximal devices through D2D communications, which has the potential to accommodate more distinct contents at the network edge, thus resulting in a greater T . On the other hand, with increasing d, a lower β is required to match the greater T , which enhances the richness of the cached contents such that D2D sharing of the cached contents can be facilitated between proximal devices. Similarly, although β exhibits an overall downward trend with an increase in d, each time T is increased by a unit value, with α being unchanged, a larger β is needed for maintaining the skewness in the cache content distribution. Fig. 4 demonstrates {T , β} with respect to varying values of λ. With an increase of λ, since more devices are located within the effective D2D range, similar phenomena can be observed as in Fig. 3 .
Next, by adopting the optimal {T * , β * } searched by GA, the edge cache-hit-ratio H edge is demonstrated with respect to varying values of S in Fig. 5 , under independent and correlated content placement respectively. It is observed that with an increase of S, since more storage is available for caching contents, overall a higher H edge is achieved. In addition, it is observed that the correlated content placement, which avoids caching the same content for multiple times at a device, always achieves a better performance than that of the independent content placement, and this performance gap becomes larger with the increase of S. Fig. 5(a) demonstrates H edge under different values of α, in which a greater α means that the requests are more concentrated on the high-ranked contents, thus resulting in a higher H edge . Similarly, with an increase of d and λ, since more devices are located within the effective D2D range, cooperative sharing of the cached contents through D2D communications can be facilitated, which results in a higher H edge , as illustrated in Fig. 5(b) and Fig. 5(c) , respectively.
Next, we adopt the correlated content placement in the proposed caching framework and compare its performance with the existing caching strategies, as listed in the following:
• UC: In uniform caching (UC) strategy, with β = 0 and T = M , each content in the library will be cached with equal caching probability [20] .
• MPC: In maximal-popularity caching (MPC) strategy, each device caches the most popular content until the storage capacity is reached [33] .
• Truncated-UC: In truncated-UC strategy, with β = 0, the optimal position of truncation T is determined for optimizing H edge .
• RC: In random caching (RC) strategy, with T = M , the optimal Zipf exponent β is determined for optimizing H edge [21] . • Subgradient method: The caching probabilities for all contents in the library are jointly optimized by using the subgradient method [40] iteratively. In Fig. 6-Fig. 8 , the edge cache-hit-ratio H edge is demonstrated for UC, MPC, Truncated-UC, RC, subgradient method and the proposed caching framework when S = 3, where the impact of system parameters α, d, λ is evaluated. From Fig. 6 , it is observed that the performance of all strategies except UC is improved with an increase of α. This is reasonable as a greater α means that the requests are more concentrated on the high-ranked contents, thus H edge is increased with other parameters being the same. Whereas for UC where the contents are uniformly cached by user devices, H edge is irrelevant to the value of α. On the other hand, with a joint optimization of T and β, it is observed that a very close performance is achieved by the proposed caching framework to the solution to (13) , where all caching probabilities P c (m) are jointly optimized by using the subgradient method. Furthermore, while a very close performance to GA is achieved by TSS but with a relatively low complexity, both of them outperform the strategies of UC, MPC, Truncated-UC, and RC.
Similar phenomena can be observed in Fig. 7 (and Fig. 8 ) where H edge is demonstrated with respect to d (and λ), except that the performance of UC is improved whereas the performance of MPC becomes irrelevant to the increasing d and λ. This is reasonable as when more devices are located within the effective D2D communication range with the increase of d (or λ), the richness of the cached contents is enhanced by UC, which facilitates cooperative sharing of the cached contents through D2D communications, thus enhancing the edge cache-hit-ratio. By contrast, since the S most popular contents are cached across all devices in MPC, H edge remains constant with an increase in d (or λ).
VI. CONCLUSIONS AND DISCUSSIONS
In this paper we considered a D2D-assisted caching system consisting of spatially distributed cache-enabled devices. For increasing the traffic offloaded to the edge of the network as much as possible, a hierarchical three-layer content provision model was established, in which a special case of self-offloading is considered by fetching the requested content from the local cache of the requesting device. To characterize the caching operations at devices equipped with multi-unit-cache, we proposed independent content placement and correlated content placement without repetition respectively, based on which a general problem of optimizing the edge cache-hit-ratio is formulated. To solve this problem while providing insights on efficient caching designs, we proposed a novel parameter-based caching framework based on the truncated Zipf distribution. Rather than attempting to optimize the caching probability for each content in the library, only the position of truncation and Zipf exponent need to be optimized. Simulation results demonstrate that the correlated content placement outperforms the independent content placement. Furthermore, while the proposed caching framework outperforms most existing D2D-assisted caching strategies, it also achieves a very close performance to the case where the caching probabilities for all contents are jointly optimized.
In this paper, a static network scenario is considered where each user requests content following the same popularity distribution known a priori. In the practical implementation, however, users are usually of different preferences and issues like varying densities of user devices may arise due to mobility, which results in varying content popularity distributions with time and space. In addition, on the basis of cache-hit-ratio, the savings in network energy consumption and transmission latency are worth further investigation, which require more involved parameters and sophisticated modeling. These issues will be delegated to future work.
